In recent years, the genetic basis of many traits/diseases have been studied through genome wide association studies (GWAS), resulting in the identifications of tens of thousands of loci that are associated with hundreds of traits/diseases at genome-wide significance level [1] . The number of loci with moderate or suggestive association evidence is even larger, and it is reasonable to anticipate that some of these loci will achieve genome wide significance when more samples are collected and analyzed. It is critical to develop statistical methods to prioritize regions with similar association evidence to improve the replication rate in follow-up studies so as to achieve genome level statistical significance. In this article, we will focus on the analysis of single nucleotide polymorphisms (SNPs) as they constitute the largest class of variants used in GWAS. The procedure to select SNPs for follow-up studies is called post-GWAS prioritization [2] , which aims to identify SNPs that are more likely to replicate by incorporating external information. Informative resources include linkage analysis results, GWAS results of a second cohort, biological pathway databases, evidence in medical literature, and functional annotations such as expression quantitative trait loci (eQTL), non-synonymous variation, and others [3] .
Intuitively, the external information should prove useful in prioritizing GWAS results and researchers have found evidence that GWAS results are enriched in the sets of SNPs functionally annotated. Minelli et al. [4] conducted a survey among experts in the genetics field, asking them to score the importance of different information resources when they choose SNPs for follow-up experiments in their research. The results showed that gene level characteristics, such as "the SNP is in a gene which is highly expressed in a tissue relevant to the phenotype" and "the SNP is in a gene which encodes for a protein in a pathway relevant to the phenotype", were thought as most important by experts. Indeed, prioritization based on gene level evidence has been explicitly employed in GWAS of complex diseases, for example, rheumatoid arthritis [5] and breast cancer [6] . In contrast, functional annotations that are not gene centric, like transcription factor binding sites, DNase I hypersensitive sites, and histone modifications, are not as frequently exploited, despite the considerable biological relevance. In this article, we use functional annotation to refer to a collection of chromosomal regions in the human genome implicated in a functional assay such as ChIP-seq, DHS-seq, and others. There is a need for effective computational approaches to prioritizing GWAS results using functional annotations because 44% of trait/disease susceptibility loci documented in the NHGRI GWAS catalogue as 12/03/13 [1] are located in intergenic regions, which could be overlooked by gene centric methods, and much can be learned of the functional roles of these loci from the rapidly increasing functional annotation data of the non-coding regions. For example, the epigenome mapping by the Encyclopedia of DNA Elements (ENCODE) project [7] and the Roadmap Epigenomics Program [8] has generated large experimental data in a variety of human cell lines and tissues. Researchers hope that these datasets would help to decipher the functional relevance of non-coding SNPs and disease etiology. In addition, prioritization based on functional annotations is more likely to obtain novel findings as opposed to gene-based characteristics, since the latter may be biased to the "known" biology of the trait/disease. There are various web servers that provide annotation information for SNPs on many genomic features [3] .
Although proper incorporation of many types of functional annotation data can better prioritize SNPs for follow-up studies, there are a number of unsolved questions that may hinder the developments and applications of effective prioritization strategies using functional annotation data. First, among many types of functional assays in various cell lines, which are more informative for the trait/disease of interest? In other words, how to select appropriate annotation data to prioritize SNPs to increase replication rate in follow-up studies? Second, how much improvement, in terms of replication rate, can we expect by incorporating such information? Obviously, the answers to these questions will depend on the specific diseases to be studied and available functional annotation data. In this paper, we attempt to address these questions by taking Crohn's disease and DNase I hypersensitive sites (DHSs) as an example. We show that when appropriate functional annotation data are incorporated, the replication rate for the prioritized SNPs may be improved. The degree of improvement is annotation specific, but the level of improvement is only modest for the existing annotation data. Therefore, other information and approaches are needed to better prioritize SNPs with a significantly improved replication rate.
Methods

GWAS datasets of Crohn's disease
The p-values in the NIDDK study were downloaded from dbGaP (phs000130.v1.p1). The genotype data of the WTCCC cohort were downloaded from the Wellcome Trust Case Control Consortium. In order to match the SNPs with the NIDDK cohort, the genotypes of the WTCCC study were imputed by IMPUTE2 [9] , after pre-phasing by SHAPEIT [10] . The Phase 1 haplotypes from the 1000 Genomes project were used as the reference panel [11] . The association p-values of the WTCCC study were calculated by linear regression model, after adjusting for population stratification covariates (eq. (1)). In eq. (1), y denotes phenotype, which is 1 for cases and 0 for controls, while x i is the genotype of SNP i. In the regression model,  * 's are regression coefficients, and  is the error term, which follows normal distribution. The first 10 principal components were used to correct for population stratification. 
DNase I hypersensitive sites
DNase I hyper sensitivity is a marker for active cis-regulatory elements, including enhancers, promoters, transcription factor binding sites, and other regulatory elements. DNase I hypersensitive sites can be mapped at genome scale by DNase-seq. The analysis results of DNaseseq experiments of three cell lines (GSM1024760, GSM1024790, and GSM736556) were downloaded from the UCSC Genome Browser. The three cell lines are primary Th1, Th17, and normal human epidermal keratinocytes, respectively. Peaks with false discovery rate less than 0.01 were used in the analysis, resulting in 268600, 159605, and 209762 peaks in the whole genome, respectively.
Kernel estimation of effect size distribution
In order to estimate the effect size distribution of truly associated SNPs in and outside of DHSs, we applied the kernel estimation proposed by Park et al. [12] , separately to SNPs in DHSs of Th1 and Th17 cell lines, and to that in the whole genome. Briefly, to obtain an unbiased estimation of the effect size distribution, the effect size of SNPs which are nominally significant (p-value less than 0.01) in the NIDDK cohort was calculated in the WTCCC cohort. Here, effect size is defined in eq. (2), where  is the regression coefficient in eq. (1), and f is the corresponding minor allele frequency in the WTCCC cohort.
The density of the effect size distribution was estimated by kernel estimation, using the Gaussian kernel (eq. (3)), where ( )   is the density function of standard normal distribution, and h is the bandwidth of the kernel. n is the number of nominally significant SNPs in the NIDDK cohort. 
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Derivation of expected replication rate (ERR)
The empirical definition of replication rate is the number of replicable SNPs divided by the number of SNPs sent for genotyping in the replication cohort. Accordingly, we define the theoretical replication rate in a probabilistic way, which is the expected number of SNPs that are replicable divided by the number of selected SNPs (eqs. (4) and (5)). We set p 0 to be 0.0001. k is the number of genotyped SNPs in the replication study. 
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In approach A and B, the effect size distribution was estimated by all SNPs in the genome and SNPs with annotations, respectively (eq. (3)). In approach C, the selected SNPs are a mixture of SNPs with and without annotations, with an unknown mixing proportion m. The expected replication rate is
. 
Results
The association signals of Crohn's disease were enriched in DHSs of relevant cell lines
Crohn's disease is a type of inflammatory bowel diseases, which has been intensively studied with GWAS [1315].
Here we consider the GWAS results from two cohorts, NIDDK and WTCCC (see Materials and methods for details). T-helper cells Th1 and Th17, have been demonstrated to play important roles in the immunopathology of Crohn's disease [16, 17] , thus it is interesting to ask whether the transcriptional regulatory elements, marked by DNase I hypersensitivity, in Th1 and Th17 can be used to prioritize association signals of Crohn's disease. The DHSs in Th1 and Th17 cells were mapped in the ENCODE project [18, 19] . The DHSs dataset of normal human epidermal keratinocytes was included in this study as negative control, since it is presumably not relevant to Crohn's disease. If DHSs in Th1 and Th17 are informative and helpful to prioritize SNPs with more replicable GWAS signals, an enrichment of association signals should be observed in such regions. In fact, among the 296561 SNPs in the two GWASs, 14083 and 5378 were mapped into the DHSs of the two cell lines, respectively. The number of significant SNPs in the genome and that in the DHSs of Th1 and Th17 are shown in Table 1 . We observed a significant enrichment of association signals at different significance cut-offs for both NIDDK and WTCCC studies in DHSs regions compared to the average genome (Figure 1) . At a stringent significance level (p-value less than 1×10  ), there were more than two times of association signals in the DHS regions. In contrast, no enrichment was observed in the negative con- trol set. These results underscored the importance of using disease-specific information when incorporating functional annotations.
The empirical replication rate is higher in DHSs
The enrichment of association signals in a genomic feature simply means that if a SNP is randomly sampled from among the SNPs in the annotated regions, and another SNP is randomly sampled from the entire genome, the former one is more likely to be disease associated. However, a more appropriate scenario in prioritization is given two SNPs with similar p-values and different annotations, would the one with annotation be more replicable? We first used empirical data to answer this question. The NIDDK dataset is treated as the discovery panel, and the WTCCC dataset as the replication panel, since the latter has a larger sample size. A SNP is considered "replicable" if its association p-value is less than 0.0001 in the WTCCC dataset. As shown in Figure 2A , at fixed association level in the discovery cohort (varying between 0.01 and 0.001), the SNPs in DHSs of Th1 and Th17 were both more replicable, with a fold change around 2. As a consequence, when selecting SNPs to include in the replication panel, we can apply a looser threshold for SNPs in DHSs and a more stringent threshold for SNPs outside DHSs, and obtain comparable replication rates in both sets.
Theoretical investigation of the improved replication rate in DHSs
Next, we set out to an analytical study for the observation that at a fixed significance level, SNPs in DHSs are more replicable. The necessity for a theoretical framework lies in (i) it leads to a better understanding of the source for the increased replication rate in DHSs; and (ii) it provides estimation of the expected replication rate for a range of prioritization methods.
In a specific ranking approach of the genome-wide SNPs, we took the top k SNPs and considered the expected number of replicable SNPs among them. Here, a SNP is "replicable" if the corresponding p-value in the replication cohort is lower than a given threshold. In the Crohn's disease study, we used 0.0001 as the threshold. The probability that a SNP is replicable depends on two factors: its effect size and the statistical power of the replication study. We adopted the non-parametric estimation of Park et al., to estimate the distribution of the effect sizes of associated SNPs with annotation and that in the whole genome (see Materials and methods). The effect size distributions of SNPs in Th1 and Th17 DHSs are slightly skewed to the right compared to the whole genome (Figure 3) . Combined with the power calculation, the expected replication rate in DHSs and the genome can be calculated (see Materials and methods).
In order to investigate whether or not prioritization by DHSs can improve the replication rate, we considered the following ranking approaches: (A) all SNPs that reach certain significance threshold are selected for follow-up studies. 
Approach A represents the scenario of no prioritization, and approaches B and C represent different prioritization methods that incorporate annotation. Apparently, in the approach C, when  is very large, it reduces to the approach B. In particular, approach C is more practical since we want to loosen the inclusion criteria of SNPs in DHSs in follow-up experiments, but not to exclude SNPs outside DHSs with promising p-values (e.g., SNPs that reach genome-wide significance).
The expected replication rates of the three ranking approaches can be estimated from the effect size distribution and the power in the WTCCC cohort. When the significance threshold in the NIDDK cohort was set to 0.001 ( Figure 2B ), the expected replication rate of the approach A (no prioritization is performed) was 0.065. In the approach B, the expected replication rates by DHSs in Th1 and Th17 cell lines were 0.131 and 0.139, respectively. Compared to the empirical replication rates (Figure 2) , the theoretical results were consistent with the empirical observation that SNPs within DHSs are more replicable. The higher replication rate of SNPs in DHSs should be attributed to an elevated level of effect sizes, since those SNPs have more power to be identified in subsequent studies. In approach C, the selected SNPs are a combination of SNPs within and outside DHSs, and the proportion of mixing varies between 0 and 1, depending on the choice of ω and the p-value distribution in the discovery cohort. Suppose the mixing proportion of SNPs in DHSs is m and the expected replication rates in and outside DHSs are ERR B and ERR A , then the expected replication rate of approach C is (1 ) .
Please note that due to p-value adjustment, the selected SNPs in DHSs have larger p-values compared to those outside DHSs. When we fix the p-value threshold to 0.001, ERR A is 0.065, while ERR B varies by the choice of ω (Figure 4A) . When ω is between 1 and 4, the expected replication rate in both Th1 and Th17 cell lines is greater than the baseline level (0.065). In other words, with proper choice of ω, approach C can select more SNPs without sacrificing the replication rate. Thus, the DHSs in Th1 and Th17 cell lines are informative in improving the replication rate in Crohn's disease. Another key question is how much improvement can be expected. In theory, m can take any value between 0 and 1, and a larger m corresponds to a higher replication rate. In the Crohn's disease study, we used empirical data to estimate m. Although the DHSs in Th1 and Th17 cell lines cover only 4.75% and 1.81% of genomic markers, the mixing proportions in these genomic regions are greater due to the enrichment of association signals at these sites. Actually, when ω is set to 4, which is the largest choice of ω with ERR B greater than the baseline level in the Th1 cell line, m is around 0.16 for the Th1 cell line, and around 0.07 for the Th17 cell line. The expected replication rates were 0.067 and 0.070 for Th1 and Th17 cell lines, respectively ( Figure  4B) . Thus, the improvement of replication rate was only moderate. A total of 62 and 24 SNPs from DHSs of Th1 and Th17 can be selected, resulting in four and three SNPs that are expected to be replicable respectively.
Expected replication rate with larger effect size and larger coverage of annotations
In the analysis in Crohn's disease with DHS annotation, the improvement in replication rate was modest, which was limited by (i) the coverage of the annotation and (ii) the extent of the shift of effect size distribution. With the theoretical framework, we can vary these parameters and learn how the expected replication rate changes with them.
We first considered the impact of effect size distribution, which has an effect in the expected replication rate in the annotation. Assume the effect size of an annotation is multiplied by λ as that in Th1 annotation (eq. (11)), the expected replication rate in approach B can be calculated through our theoretical model. The result is 0.164 and 0.261 when λ is set to 2 and 3 correspondingly, and the p-value threshold is 0.001, compared to 0.131 in Th1 DHSs. 
Next, we assume that the effect size distribution of an annotation is the same as that in Th1 DHSs, but the coverage of the annotation is increased. In this setup, ERR B is fixed, while the mixing proportion m will increase accordingly. When ω is set to 4, the mixing proportion with Th1 DHSs is 0.16, while its coverage in the genome is 4.75%. When we increase the coverage to 10%, 20%, and 30%, assuming the number of significant SNPs changes proportionally to the coverage, the mixing proportion is increased to 0.30, 0.49, and 0.62 (Methods). As a result (eq. (10)), the overall replication rate will be improved to 0.068, 0.070, and 0.072.
Discussion
In this paper, we studied the potential of utilizing functional annotations of the human genome to prioritize GWAS results. The problem was formulated on Crohn's disease and DHSs due to data availability, but the application to other traits and genomic features is straightforward. We found that the choice of disease specific annotation is important for prioritization. The expected replication rate can be improved if the SNPs with annotation have a greater density at regions with large effect size, compared to that in the whole genome. However, the overall improvement may be only moderate, especially when only a limited number of SNPs can be afforded in replication studies. We proposed an analytical framework that calculates the expected replication rate with incorporation of functional annotations. The framework can not only be applied to select functional annotations that can improve replication rate, but also estimate the extent of improvement to be expected. There are other ways to incorporate biological information other than the two methods we discussed here, which may lead to more optimized result in replication rate. For example, the weights of each marker can vary by the enrichment score of the functional annotation. Nevertheless, the third ranking method captures the essence of prioritization strategies, which is to put more confidence in SNPs with annotations that are believed to be relevant. There is a great need to develop a most informative prioritization method that can incorporate multiple sources of annotations. 
